IMPORTANCE Lissamine green (LG) staining of the conjunctiva is a key biomarker in evaluating ocular surface disease. The disease currently is assessed using relatively coarse subjective scales. Objective assessment would standardize comparisons over time and between clinicians.
O cular surface staining after instillation of vital dyes is a critical component for the diagnosis and evaluation of a variety of ocular surface diseases, 1 including dry eye disease (DED). [2] [3] [4] [5] [6] Dyes used to evaluate the ocular surface include fluorescein to stain the cornea and rose bengal or lissamine green (LG) to assess local abnormalities of the bulbar conjunctiva. 1 Lissamine green and rose bengal have similar staining patterns on the conjunctiva, with both highlighting epithelial cells that are damaged or dead. However, LG is less toxic to cells 7 and causes less stinging 2, 8 ; as a result, LG is generally preferred over rose bengal for evaluating the conjunctiva in ocular surface disorders. Several grading scales for LG staining of the bulbar conjunctiva have been used to evaluate DED. 3 In all of these systems, graders compare the appearance of a patient's conjunctiva with standard reference images to assign an ordinal scale number that designates the severity of staining. However, subjective gradings of conjunctival staining have variable intragrader reliability (repeatability) and intergrader reliability. [9] [10] [11] Ocular surface staining is one of the most commonly used methods for the diagnosis of DED 12 and also is commonly included as part of the inclusion criteria or outcome measures in clinical trials of treatments for DED. 12,13 Therefore, better methods for quantitative, objective assessments are needed that would enable standardized assessments across clinicians. Improving the characterization of staining would also help to define DED more objectively and reliably, aiding in the clinical assessment of disease severity and monitoring responses to various therapies. Although an automated grading system for the evaluation of fluorescein staining of the cornea associated with DED has been reported, 14 to our knowledge, an automated system for the assessment of LG staining of the conjunctiva has not been described. Herein we describe and validate a semiautomated computer-based algorithm to assess LG conjunctival staining using digital photographs acquired by a standard protocol. The study was conducted from April 26, 2012, through June 2, 2016.
Methods

Image Acquisition and Preprocessing
Eleven patients with a history of DED were recruited from the Scheie Eye Institute at the University of Pennsylvania. All tenets of the Declaration of Helsinki 15 were followed and written informed consent was obtained from all participants. Approval was obtained from the University of Pennsylvania Institutional Review Board. Participants received financial compensation. Preservative-free LG, 1%, solution was obtained from a compounding pharmacy (Leiter's Pharmacy). After instillation of 1 drop of LG into both eyes, digital photographs of the conjunctiva of each patient were acquired 1 to 2 minutes after dye administration using a previously described standardized external photography protocol 16 that was modified so that the conjunctiva was specifically imaged. Briefly, photographs were taken using a camera (EOS Rebel T2i, Canon USA Inc) with a 100-mm macrolens equipped with image stabilization and an adjustable monopod for positioning the camera. The camera was focused on the conjunctiva and 1 photograph of the conjunctiva was taken nasally and temporally for each eye. As part of each session, a color calibration image was obtained, consisting of the mini (5.7 × 8.3 cm [2.25 × 3.25 in]) GretagMacbeth Color Checker Chart (X-rite GmbH) together with a white index card for luminance correction. Thirty-five photographs were selected for this study using the criteria of best focus, visibility of LG staining, and exposure. For 7 individuals, all 4 views were included (nasal and temporal for each eye). One participant was monocular and therefore had images for only the right eye. Owing to poor exposure, the image set included only left eye images from 2 patients and temporal images from each eye for another patient.
Using a semiautomatic marking program custom designed in MATLAB (The MathWorks Inc) software, the user manually marked the region of interest (ROI) of the conjunctiva by first defining 7 anatomic landmarks on the image: 3 points along the lower eyelid, 3 points along the upper eyelid, and 1 point at the medial or lateral canthus, depending on whether a particular image captured the nasal or temporal conjunctiva. The program automatically connects these landmarks by drawing a smooth curve through each landmark point. The middle panels in Figure 1A and B show examples of these landmarks and delineation in yellow. A portion of the cornea is still included in the delineation of the ROI owing to the vertical connection between the upper and lower eyelids. To remove the cornea from the ROI, the user fits an ellipse (controlled by 4 points) to the boundary between the cornea and conjunctiva. The red delineation in the middle panels of Figure 1A and B shows examples of this ellipse and the 4 control points adjacent to it. The intersection between this ellipse (red) and the initial delineation (yellow) is then used to exclude the cornea from the ROI. The rightmost panels in Figure 1A and B show the final conjunctiva ROI created using these manual delineations. Prior to processing, manual delineation of the ROI for each image required an estimated mean of 3 minutes.
To permit application of the National Eye Institute (NEI) grading system, horizontal and vertical lines were manually
Key Points
Question Can a computerized, objective system be developed to quantify conjunctival lissamine green staining for the diagnosis of dry eye disease?
Findings In this cohort study, the output of a semiautomated computerized system for the objective quantification of lissamine green staining of the conjunctiva in 35 clinical digital images obtained from 11 patients with a standard protocol correlated well with the scores obtained by 2 ophthalmologists using the van Bijsterveld scale and moderately when the National Eye Institute scale was used.
Meaning This algorithm may have potential for improving the characterization and quantification of the severity of ocular surface damage to the conjunctiva in dry eye disease.
added to the ROI using digital image software (Adobe Photoshop, Adobe Systems Inc), thereby dividing each conjunctival image into 3 areas. The lines were drawn following the recommendations of the NEI industry report on clinical trials in DED. 17 The vertical division was placed halfway between the limbus and the lateral canthus and the horizontal division line divided the visible conjunctiva in half ( Figure 1C and D). All images were then balanced for color and luminance using a previously described protocol. 16 Briefly, image data were saved in the Canon CR2 raw file format. The public domain program dcraw was used to extract the image data from the raw files and into a nominal CIE XYZ tristimulus representation. This representation was then processed further by custom software written in MATLAB (MathWorks Inc).
Computerized Grading of Images
Once the ROI is selected and the lines for the NEI grading system are applied, our computerized grading is completely automated. The training time for the computer algorithm was 10 minutes. The mean time for the trained algorithm to analyze each new image was less than 0.5 second. Figure 2 illustrates an overview of our algorithm for LG staining. First, the algorithm delineates or segments the LG staining in the image. This segmentation is used to estimate the percentage of the conjunctival staining, which the algorithm uses as its first feature to describe each image. Next, the algorithm separates out the cyan and yellow channels (of the CMYK color space) from the image and calculates the mean cyan and mean yellow intensities over the conjunctiva. These 2 channels were chosen because they best exhibit the LG dye color. The 2 mean values are used as 2 additional image features by the algorithm to describe each image. Lastly, the percentage staining, average cyan, and average yellow features are concatenated together to form a 3-dimensional feature vector for each image. The algorithm uses these feature vectors to train a random forest (RF) regression 18 that is used to produce the automatic grading for each image. The following sections describe these 3 parts of the algorithm in more detail.
Segmentation of LG Staining
To evaluate the percentage of conjunctival staining, the algorithm first segments the punctate staining in the image, which is demonstrated in Figure 3 . Starting from the original image ( Figure 3A ), we first extract the cyan channel of the image ( Figure 3B ). We then apply a local standard deviation (SD) filter to the channel ( Figure 3C ). This filter locates areas of high variability, a characteristic of a region of punctate staining, while avoiding large homogeneous regions that are characteristic of background staining. Since we expect the staining to appear in areas with high intensity variation, we threshold the image using the 95th percentile intensity of the SD map ( Figure 3D ). The algorithm features and corresponding gradings for the image in Figure 3 are reported in eTable 1 in the Supplement. In addition to LG staining, other regions can have high intensity variability and therefore be falsely detected as staining. For example, blood vessels and glare in the image typically have a zero intensity in the cyan channel, but the edges around these regions can have high intensity variability. To prevent the false detection of these areas as staining, we created a mask using the areas where the cyan channel is zero and dilated the mask by 5 pixels ( Figure 3E ). We then remove all detected staining (from the SD mask) that falls under this dilated mask. This creates our final staining segmentation mask ( Figure 3F ). After the segmentation is completed, percent staining is calculated by dividing the number of pixels in the segmentation by the total number of pixels in the conjunctival ROI.
Feature Vector Generation and Random Forest Regression
Next, the mean cyan and average yellow features are calculated directly from the cyan and yellow channels. For each channel, we sum the intensity values over the conjunctiva and then divide the sum by the number of pixels in the conjunctiva. These 2 color features and the percentage stained feature are then concatenated to create the 3-dimensional feature vector that describes the staining properties of a given image.
Once the feature vector is calculated for an image, our algorithm applies an RF regression to evaluate the grading for 
Percent staining
After preprocessing, the algorithm delineates or segments lissamine green staining in the image. Next, the cyan and yellow channels (of the CMYK color space) are separated out from the image and the mean cyan and mean yellow intensities over the conjunctiva are calculated. The 2 mean values are used as 2 additional image features by the algorithm to describe each image. Finally, the percent staining, mean cyan, and mean yellow features are concatenated together to form a 3-dimensional feature vector for each image. The algorithm uses these feature vectors and manual gradings from a training data set to train a random forest regression, which is used to produce the automatic grading for each image. the image. The RF regressor is a supervised, machinelearning approach that uses a training set of feature vectors and responses (in our case, the manual gradings) to create an ensemble of decision trees. Each decision tree uses a random permutation of the features to make a prediction on the grading for an image. The final RF result is the mean of the prediction from all of the trees. The training set is created by calculating the features vectors for a set of images where the manual gradings for each image are known. This training process allows the algorithm to automatically learn the importance of each feature in the feature vector for predicting the manual grading.
Quantification of Lissamine Green Staining of the Bulbar Conjunctiva
Once the RF regressor is trained, it can then be applied to a feature vector from a new image where the grading is unknown to produce an automatic grading. In our algorithm we used the MATLAB implementation (TreeBagger)o fR F (with 100 trees) to create the regressor. In all of our experiments, each image was automatically graded by training the classifier on the 34 other images in the data set not being evaluated. This cross-validation 19 setup was used so that information about each image being evaluated was not provided to the regressor during training. In addition, the setup provided 35 distinct train and test evaluations, which allowed us to evaluate the mean performance of the algorithm, giving us more confidence that our results were not due to an anomaly in the training or to overtraining of a particular data set. For future assessments, all 35 images would be used as the default training set for the algorithm. eFigure 1 in the Supplement shows the mean importance of each feature to the regression from the training. This measure was calculated by randomly switching 1 of the features in an image's feature vector with the same feature from another image in the training data and then observing the change in accuracy of the grading (relative to the manual grading). If the feature that was switched is important for regressing the grading, then the grading accuracy is expected to fall dramatically when that feature is randomly shuffled between the input images. Likewise, if the feature is unimportant, then randomizing the feature should have no effect on the regression. Although these feature values are currently only used as intermediate values by the algorithm to calculate the overall grading, they are still outputted by the algorithm for each image and can serve as potential metrics for additional analysis.
Clinician Grading and Ranking of Images
Two ophthalmologists (V.Y.B. and M.M.-G.), masked to participant identity, independently graded each of the 35 conjunctival photographs using the van Bijsterveld and the NEI scales. In each of these systems, observers compare the ocular surface with reference images to assign an ordinal scale number to indicate the staining severity. Using the van Bijsterveld scale, graders rate both the nasal and temporal bulbar conjunctiva on a scale of 0 to 3. 20 In the NEI scale, graders evaluate each of the 3 subareas separately on a scale of 0 to 3 for a possible total of 9 points 3 for either the nasal or temporal conjunctiva. Both graders utilized the same calibrated color monitor (24" PA241W-BK-SV monitor; NEC Display Solutions) to view images as described previously, 16 under identical room illumination conditions. The 2 graders then ranked printed copies of the images and independently ordered them from least staining to most staining. The rankings were correlated with the values from the algorithm for the same images.
Statistical Analysis
The associations between machine learning-based gradings and clinical gradings were assessed by the Spearman correlation coefficient (r s ), which accommodates the ordinal clinical score scale and is insensitive to the influence of outliers. The following guidelines are often used to describe the strength of the relationship: none or very weak (0.00-0.10), weak (0.11-0.30), moderate (0.31-0.50), and strong (0.51-1.00). 21 Weighted κ statistics were calculated to assess the agreement in scores between the graders. Calculations for the analyses were performed using Excel 2016 (Microsoft Corp) and MATLAB, version R2015b (MathWorks).
Results
The Table presents a summary of computer algorithm scores and subjective gradings of LG staining of the conjunctiva. The median score for each grader using the van Bijsterveld scale was 2 (range, 0-3), with the corresponding algorithm score being 1.6; and for the NEI scale, the median score for each grader was 4 (range, 0-9) with the corresponding algorithm score being 4. The assigned scores for the image set spanned the full range of severity for both the van Bijsterveld and NEI scales. 
Correlations Among Subjective and Automated Gradings
The overall correlation between graders is reported in eTable 2intheSupplement. For the van Bijsterveld scale, the correlation was r s = 0.86; with the NEI scale, the correlation varied for region between r s = 0.84 and r s = 0.93. Weighted κ values were similar. eTable 3 in the Supplement reports the correlations between algorithm scores compared with the mean of the 2 graders. Each comparison was trained and tested using the gradings in a leave-1-out cross-validation 19 (ie, each image was assigned a grading using the algorithm trained by the remaining 34 images). For the van Bijsterveld scale, the correlation was r s = 0.79 between the mean of the 2 graders and the algorithm grading ( Figure 4) . For the NEI scale, the correlation varied between r s = 0.36 and r s = 0.61 between the mean of the 2 graders and the algorithm grading, depending on conjunctival region (Figure 4 ).
Ranking Analysis
eFigure 2 in the Supplement shows a ranking analysis of the data, where the 35 images were ordered from least (1) to most (35) staining by the algorithm and the 2 graders (without reference to their previous scoring on the van Bijsterveld and NEI scales). The correlation between the 2 graders was r s =0. 97 , and the correlations between the algorithm and the 2 raters were r s = 0.78 and r s = 0.83, respectively.
Discussion
We developed a semiautomated approach to quantify conjunctival LG staining from digital photographs, which consisted of user-assisted selection of ROIs followed by automated quantification of LG staining. Our approach showed good correlation using the van Bijsterveld scale with subjective gradings by observers on the same photographs using 2 different grading scales, but only a moderate correlation when the NEI scale was utilized.
To our knowledge, we are the first to describe a semiautomated system for quantifying LG staining of the conjunctiva from digital images. Others have previously described an objective image analysis technique to evaluate corneal staining and found a strong correlation of the algorithm results with clinical gradings using the Oxford and NEI scales. 22 Developing an automated system for the quantification of LG staining of the conjunctiva may be more challenging because linear background pooling, which is not seen when fluorescein is applied to the cornea, may cause false detection of staining. An automated system for quantifying ocular surface staining has important advantages over subjective grading scales applied either during clinical examination or to images. The variability introduced by differences in interpretation by ob- servers is eliminated and a continuous scale is more sensitive to change an ordinal scale. Objective, automated assessments also allow for the detailed quantification and characterization of changes in ocular surface staining over time. Further refinements in the approach to automated analysis could address not only the intensity and quantity of staining, but also other staining attributes, such as recognition of distinctive patterns and spatial distribution. In addition, the feature vectors generated by this algorithm can potentially be used to perform high-dimensional analysis of the images (eg, principal component analysis) that extends beyond a single grading for each image. Future studies would be helpful in examining correlations of image analysis with clinical gradings performed at the slitlamp, the assessment of images over time, and how responsive the computer algorithm is to detecting change.
Limitations
Although the current methods and algorithm may be feasible in a research environment, further development and assessment are necessary prior to widespread use in a clinical setting. The impact of using camera models other than the EOS Rebel T2i and of applying the algorithm without prior color and luminance balance may require retraining the algorithm with images obtained under those conditions. Use of our approach can be further facilitated by incorporation of an automated system for segmenting the ROI using published methods for conjunctival segmentation as a starting point.
23,24
Conclusions
To our knowledge, this is the first reported computer algorithm designed to provide an objective measurement of LG staining on digital conjunctival images. Our primary goal was to establish that a useful algorithm could be developed. Additional efforts will be directed toward broadening the applicability of the system. 
